Abstract. The need for a multidimensional measure of population health that accounts for its distribution remains a central problem to guide the allocation of limited resources. Absolute proxy measures, like the infant mortality rate (IMR), are limited because they ignore inequality and spatial clustering. We propose a novel, three-part, multidimensional mortality indicator that can be used as the first step to differentiate interventions in a region or country. The three-part indicator (Mortality ABC index) combines absolute mortality rate, the Theil Index to calculate mortality inequality and the Getis-Ord G statistic to determine the degree of spatial clustering. The analysis utilises global sub-national IMR data to empirically illustrate the proposed indicator. The three-part indicator is mapped globally to display regional/country variation and further highlight its potential application. Developing countries (e.g. in sub-Saharan Africa) display high levels of absolute mortality as well as variable mortality inequality with evidence of spatial clustering within certain sub-national units ("hotspots"). Although greater inequality is observed outside developed regions, high mortality inequality and spatial clustering are common in both developed and developing countries. Significant positive correlation was observed between the degree of spatial clustering and absolute mortality. The proposed multidimensional indicator should prove useful for spatial allocation of healthcare resources within a country, because it can prompt a wide range of policy options and prioritise high-risk areas. The new indicator demonstrates the inadequacy of IMR as a single measure of population health, and it can also be adapted to lower administrative levels within a country and other population health measures.
Introduction
The inequality debate, recently raised by the Nobel laureate, Joseph Stiglitz (Stiglitz, 2012) , has triggered a new interest in this phenomenon and its impact on public health. In effect, it can be argued that healthcare expenditure in many countries disproportionally favours the rich at the expense of the poor. Skewed access to healthcare, therefore, can be linked to a social determinant that can negatively impact the health of a majority of citizens in many countries (Deaton, 2013) . Although the impact of inequality is well recorded as a social determinant of mortality (Wilkinson, 1992; Marmot, 2005) , little research has investigated spatial mortality inequality in a global and national context. Recently there has been renewed interest in social and geographical inequality as evidenced by the expanding literature in this area (Goldthorpe, 2010; Anselmi et al., 2013) .
A projection of global health outcomes from 2005 to 2060 reflect changing patterns of mortality across the globe (Hughes et al., 2011) and provides a sense of the changing nature of this phenomenon over the last century Obermeyer et al., 2010; Rajaratnam et al., 2010) . Despite a general global trend of reduced mortality, persistent clusters of high mortality are still found in many developing countries (Murray, 1996; Houweling et al., 2001; Rajaratnam et al., 2010) . Intra-country mortality inequality remains a problematic issue in both developed and developing countries (Houweling et al., 2001 (Houweling et al., , 2005 McMichael et al., 2004) and national-level analyses remain crude and unable to quantify subnational variation (Storeygard et al., 2008) . Interestingly, richer countries with lower levels of absolute mortality continue to grapple with the mortality inequality divide (McMichael et al., 2004; Obermeyer et al., 2010) . Simultaneously, the geography of mortality, its level of inequality and dispersion across the globe, will remain a global policy issue that has received little attention since 2000.
The need for multidimensional measures of health remains a central problem to policy makers (Marmot, 2005) bringing into question the widespread use of absolute mortality level and its trends as a basis to direct policy (Houweling et al., 2005; Rajaratnam et al., 2010) . This one-dimensional reliance on absolute mortality is questioned because it ignores the distribution of this phenomenon (Reidpath, 2005) . This shortfall is even more problematic when disaggregated measures of mortality, such as infant mortality rate (IMR), are used as a general proxy for overall population health. Although these summary measures can act as a pragmatic guide for policy making Reidpath and Allotey, 2003) , they mask multidimensional properties like the degree and spatial location of inequality within and between populations. Two countries, for instance, with the same absolute level of mortality, can have very different levels of mortality inequality that are differentially spatially clustered (Gakidou et al., 2000; Reidpath, 2005) . One-dimensional measures (e.g. IMR) are also often problematic because they narrow policy focus and the actions required, as well limit its application to a segment of the population (Murray, 1996; Reidpath and Allotey, 2003; Greenland, 2005) . Although there have been initiatives to broaden inequality research beyond economics by measuring health inequality (Wolfson and Rowe, 2001; Murphy et al., 2006; Bessudnov et al., 2012) , mortality inequality appears to have been more employed by economists than epidemiologists (Peltzman, 2009) . Recent advances in spatial analysis (and software) have also been ignored as a basis to quantify the spatial clustering of health outcomes (Storeygard et al., 2008) . The limitation of one-dimensional population health measures appears to be recognised in the 2000 world health report (Coyne and Hilsenrath, 2002 ) that made little reference to mortality measures like IMR. Given the importance of incorporating health inequality and spatial clustering into policy making (Gakidou et al., 2000; Deaton, 2001) , it is an opportune time to develop such a simple multidimensional mortality indicator.
A theory of relative deprivation underpins the concept of mortality inequality (Yitzhaki, 1979 ) that can be explained as unequal access to a social welfare utility. Various authors argued that inequality would either converge over time (convergence theory) because of the diffusion of technology or expand as a result of increasing polarisation as the rich obtain a greater portion of limited resources (polarisation theory) (Firebaugh, 1999) . Recent insights support the contention that inequality has increased because of a widening gap between the rich and the poor thus supporting polarisation theory contentions (Stiglitz, 2012) that can be demonstrated as increasingly unequal access to healthcare resources (Deaton, 2013) .
The aim of this paper is to contribute to the inequality debate in the health domain by developing a multidimensional measure of mortality. The proposed measure is a three-part mortality indicator that simultaneously measures absolute mortality, mortality inequality and mortality clustering. The primary focus of this paper is methodological and we use empirical data merely to illustrate an application of the multidimensional mortality measure to evaluate IMR differences by country. We limit our interpretation of the findings to trying to justify that the use of the new measure, as well as verify its accuracy and spatial appeal. The paper makes use of the Theil inequality index (Allison, 1978) for the first time in the public health domain to refine the measurement of mortality inequality or entropy in order to make a contribution to global health policy. The paper also incorporates advances in spatial analytic methods and available software that has created new opportunities to quantify the degree of spatial concentration of mortality inequality ("non-randomness") (Walter, 2000; Rezaeian et al., 2007) . Although the paper is motivated by both health and sociological concerns, it does not speak to the social determinants of mortality or mortality inequality that are well documented in the literature (Wilkinson, 1992; Mackenbach et al., 1997; Ezzati et al., 2002; Marmot, 2005; Wilkinson and Pickett, 2006; Rajaratnam et al., 2010) .
Materials and methods

Data sources
Data were extracted from a number of sources. Overall national IMRs for 2000 were extracted for each country from UNICEF (UNICEF, 2004) . Subnational infant mortality data for the inequality and spatial clustering analyses were obtained from the "Global Sub-national Infant Mortality Rates" dataset (CIESIN, 2005) . This dataset consists of sub-national estimates of IMRs for the year 2000. Sub-national infant mortality data for 77 countries are available in the original dataset. Data were from the period 1996-2003 for 69 countries. For the other eight countries, data from as early as 1990 were used. A full description of this data source and methods have been published previously (Storeygard et al., 2008) . The original dataset did not contain data for 119 countries as they were unable to find a complete collection sub-national IMR (Storeygard et al., 2008) . We attempted to supplement this missing sub-national data with data from other demographic and health surveys, national reports/statistics as well as published literature. We found sub-national data for an additional 43 countries (a list of countries for which missing data were supplemented can be found in Appendix 1). If data were not available for the year 2000, we used data from the nearest available year, similarly done for eight countries when producing the original dataset (CIESIN, 2005) . The year for which the supplemental data were available can be found in Appendix 1. After supplementation, sub-national data were thus unavailable for 76 countries. A list of the sources or citations for the supplemented data is available on request from the authors.
Proposed mortality indicator
This section develops a generic, three-part, mortality indicator that is applied to infant mortality data as described above. The three-part indicator, which we represent as the Mortality ABC , presents absolute mortality, mortality inequality and spatial clustering of mortality. Absolute mortality was measured as a rate per 1,000 births, mortality inequality was measured using the Theil inequality index and mortality clustering or "non-randomness" was determined using the Getis and Ord local G statistics Ord, 1992, 1995) . Absolute mortality ranks the country in terms of overall burden, while inequality and spatial clustering are sub-national policy guidance attributes. An example set of decision rules based on the observed multi-attribute permutations are presented in the discussion. The three-part indicator of mortality is then constructed, ranked for each country and also mapped globally. The ranking of Mortality ABC strata was based on the observed IMR (i.e. mean IMR rank within each stratum) and also based on confidence intervals for IMR within each stratum (i.e. non-overlapping strata suggests significant differences between strata in terms of mortality levels).
A. Absolute mortality level -The mortality indicator used should be in line with international norms. In this instance, the IMR is the probability (expressed as a rate per 1,000 live births) of a child born in a specified year dying before reaching the age of one if subject to current age-specific mortality rates. We further split the observed national IMR into three categories, namely high (H), medium (M) and low (L), based on tertiale cut-offs. This analysis was performed in Stata 13.0 SE (StataCorp, 2013) .
B. Mortality inequality at sub-national level -As suggested in Reidpath (2005) : "If populations can become units of interest in and of themselves, separate from the individual, then interventions can be targeted at characteristics of populations. This has profound implications for what public health can do, and for the allocation of health resources" the fundamental justification for using spatial inequality is that it naturally aligns itself with health administration units and can be more readily used for policy guidance. Targeting unequal units (making the society fairer) may thus benefit population health as a whole, i.e. reduce overall (infant) mortality. A wide range of inequality measures have been developed and widely used in economics to assess differential access to a social welfare utility like income (Firebaugh, 1999) . Generally an inequality index ranges between 0 and 1 (0% and 100%), where 0 indicates perfect equality and 1 (100%) indicates maximum inequality. A more detailed description of the common inequality measures can be found in Appendix 2.
The question remains as to which one of the abovementioned four indexes is the most suited to measure mortality inequality. We chose the Theil index after a set of criteria was reviewed for each of the major inequality indices (see Appendix 3). The rationale for preferring the Theil index is not that there are inherent flaws in the other measures, but that Theil's T has a more flexible structure that often makes it more appropriate (especially we propose for the health-related outcomes), can estimate inequality over different levels of aggregation and is decomposable (i.e. additive across different subgroups or regions in the country) which is of importance to policy makers. The Gini coefficient is not additive across groups, which is its major disadvantage in this case. Furthermore, the Theil index has less stringent data requirements than the other indices and is more suited to aggregated or grouped data (often more readily available than individual survey data) while the COV and Gini for example are better suited to individual level data (Hale, 2003) . We calculated a country-specific Theil inequality value in Stata 13.0 SE (StataCorp, 2013) using the "ineqdeco" module. This module is can be used to calculate inequality indices with decomposition by sub-group (Jenkins, 1999) . The country specific continuous Theil index score was further reclassified into tertials, namely high (H), medium (M), low (L), for use in the proposed, three-part indicator.
C. Clustering of sub-national mortality: random or non-random "inequality" -commonly used local indicators of spatial autocorrelation (LISA) (Anselin, 1996) are used to identify clusters in the spatial arrangement of a given variable i.e. non-random spatial distribution of mortality in this case. We also used the administrative polygon version of the data for our spatial autocorrelation analysis to avoid errors associated with the grid due to auto-replication (Storeygard et al., 2008) . The various types of LISA statistics all have certain advantages and disadvantages. For our universal indictor we choose the Getis & Ord local G statistic (or G i * statistic) Ord, 1992, 1995) to estimate the strength of spatial autocorrelation of subnational IMR's instead of the commonly used local Moran's I and Geary's C statistics. The reason for this is that, unlike the Moran I and Geary C statistics (Anselin, 1996) , the G i * statistic identifies the degree to which high or low values cluster together. These statistics were calculated using GeoDa software (Anselin et al., 2006) . Significance was set at 5% after 99,999 iterations. The G i * statistic relates the significance and intensity of clustering to the size of a Z score. For statistically significant positive Z Scores, the larger the Z score is, the more intense the clustering of high values and the converse is true for negative G i * scores.
The Mortality ABC indicator was mapped using MapInfo Professional version 9.5 (MapInfo Corporation, 2008) .
Results
Absolute mortality
The results first evaluated absolute IMR on a global basis using national level estimates. The data suggest a mean national IMR per 1,000 live births of 46.4 (95% confidence interval (CI) = 40.1-52.7). The five highest IMR were observed in Sierra Leone (145.5), Angola (118.7), Democratic Republic of the Congo (117.3), Mozambique (116.0) and Mali (113.9). Conversely, the lowest IMR were observed in Japan (3.3), Sweden (3.4), Finland (3.5), Norway (3.8) and France (4.4).
Mortality inequality
A high degree of mortality inequality, illustrated in Fig. 1 , is evident at the sub-national level when comparing overall national IMR to its sub-national equivalents. Significant outlying or extreme values can be observed within certain countries, for example, Iraq and the Democratic Republic of the Congo are highlighted. A more detailed analysis of global mortality inequality based on sub-national mortality is presented in Fig. 2 . The mean global Theil inequality score was 0.037 (95% CI = 0.029-0.044) where the degree of inequality is measured as the distance from a state of perfect equality. Ascending values of the Theil mortality inequality index, therefore, reflect higher levels of mortality inequality (Fig. 2) . Initially a linear increasing pattern is observed, but as one moves to the higher inequality countries, we observe a sudden exponential rise. The highest Theil inequality score was observed in Iraq followed by Thailand, Democratic Republic of the Congo and China. Conversely the lowest mortality inequality was observed in Ukraine followed by Japan and Burkina Faso and Swaziland. Comprehensive sub-national data could not be obtained for Ukraine so this may be a spurious finding. Despite low inequality, the absolute mortality level in Burkina Faso was very high (IMR = 94.6) and high in Swaziland (IMR = 77.1) in 2000. No significant correlation was observed between the Theil inequality score and absolute country level IMR (correlation coefficient (ρ) = -0.04, P >0.1).
Mortality clustering
There did not appear to be any significant correlation between the Theil inequality score and the number of significant local spatial clusters (ρ = -0.10, P >0.1). However, we observed significant positive cor- relation between a number of significant local spatial clusters and the absolute country level IMR (ρ = 0.53, P-value <0.01) i.e. high sub-national mortality is likely to be surrounded by other high sub-national mortality. This is graphically depicted in Fig. 3 . The IMR among countries where significant sub-national spatial autocorrelation present was significantly higher than those without (mean IMR of 64 versus 28, P <0.001). The degree of mortality clustering for each country is illustrated in the third component of the multidimensional Mortality ABC indicator.
The mortality ABC indicator
This indicator, illustrated in Table 1 , ranks each country in terms of permutations of its three-part score (A, B, C) as well as provides estimated total population size and infants living within these categories in 2000. The absolute level of mortality (A) is disaggregated into three levels, namely high (H), medium (M) and low (L) and were based on tertiale (33 and 66 percentile) cut-off's for the continuous absolute mortality rate. Similarly, the calculated continuous mortality inequality score (B) is disaggregated into the same three levels based on the tertiale cut-offs for its distribution. To illustrate whether clustering (C) was significant or not an asterisk (*) illustrates significant clustering. The ranking of countries in Table 1 (based on descending mean IMR rank within each strata), suggests that the further one moves towards the bottom on this continuum, the "better" the hypothesised situation. The results indicate, for instance, that Sub-Saharan Africa (SSA), in particular, shows high levels of absolute IMR and significant spatial clustering of high mortality. Developing countries within this strata like Sierra Leone, Angola, Mali and Nigeria are all categorised at the top of the table (H:L:* or "worst" stratum) with approximately 17,970,880 births in this grouping in 2000, the third highest observed in Table 1 . Conversely, countries like Iceland, Ireland and New Zealand within the L:L:* stratum (low absolute mortality rates, low levels of mortality inequality but indicate significant spatial clustering) had the lowest IMR rank (Table 1 by Mortality ABC strata and clearly shows that the worst apparent permutation is H:L:* i.e. high mortality, low inequality and evidence of high risk spatial clustering (taking neighbouring contiguity (country) into account). Heterogeneity in mean IMR by strata decreases towards the low (L) IMR ("A" component of Mortality ABC -see Fig. 4) . A global map of the Mortality ABC Indicator, illustrated in Fig. 5 1 , shows the degree of mortality inequality in a colour format with the ranking system used in Table 1 superimposed on each country. Countries with higher mortality inequality are marked in darker shades. A dark shade over China, for instance, illustrates high mortality inequality (H). China also recorded medium levels of absolute IMR and significant clusters of high mortality that are centred on the map (M:H:*).
Greater inequality is observed outside of the developed region in general (Fig. 5 ) and the majority of SSA countries, for example, also fall into the high absolute mortality level category. Interestingly, greater inequality was observed in Asia compared to Africa and some clear distinctions across developing countries can be seen e.g. South Africa versus Brazil and China. Finally, Table 1 indicates that countries with higher levels of absolute mortality tend to also have significant levels of spatial clustering present (as observed by the aggregation of counts in these rows). We do not, however, observe this pattern in countries with medium and low absolute mortality levels categories in which we see a reversal in this trend, i.e. more countries aggregated in the non-spatial clustering rows (Fig. 3) .
Discussion
This paper proposes that the novel, three-part, mortality indicator (Mortality ABC ) could be used as a first step to identify and spatially allocate healthcare resources for both national and global policy makers. The paper has used relative mortality inequality to illustrate the distribution of IMR and it does not conflate health inequality with health inequity which we have assumed is only considered when developing the detail of an intervention taking into account specific country level data (Reidpath, 2005; Reidpath and Allotey, 2007) . The empirical example (and choice of IMR) of our three-part indicator was primarily employed to illustrate its potential appeal rather than argue its appropriateness as the ideal indicator of population health. Future applications should test and utilise age standardised, gender-specific all-cause mortality to fur- ther assess the utility of the multi-attribute indicator and deciding as to its potential re-use by policy makers.
Life expectancy in certain high-income countries has increased in the last 30 years while the impact of HIV/AIDS is clearly evident in SSA where we observed the highest levels of IMR (Lewis, 2006; Watkins et al., 2006) . The classification of countries in the various permutations of the Mortality ABC (Table 1) highlights that countries within various IMR absolute level categories are very much different in terms of inequality and spatial clustering. The explanation of these differences, however, is not explained by the proposed index but by differences in country-level social determinants that include education, service delivery, economic (e.g. GDP), social/cultural and institutional (Reidpath and Allotey, 2007; Marmot et al., 2012; Sartorius and Sartorius, 2013b) . The proposed index merely spatially locates IMR problems in this region and it is assumed policy makers would then be guided by both inequality and inequity issues when differentiating the degree and type of intervention required (Lewis, 2006; Sartorius and Sartorius, 2013a) . Marmot et al. (2012) proposes that one-dimensional interventions are not the answer but rather multifaceted type interventions. We propose that our measure has definite implications for policy and affects potential policy-related strategy i.e. choice of broad population level type interventions versus target interventions to high risk areas (spatial concentration) within a given country. Marmot suggests four key ways in which inequalities can potentially be tackled: control of major diseases, the improvement health systems, the reduction of poverty and tackling social determinants of health.
Global policies that allocate aggregated funding to countries, moreover, have continued to be guided by the overall country-level mortality but there is a need for a multi-attribute index that clearly identifies spatial health inequalities within a country when deciding on intervention strategies-budget allocation. A measure of population health must also take into account the distribution of health within that population (Sen, 1999; Dreze and Sen, 2002) . Component A would drive budget size for example (absolute level x population size) while components B and C (both essentially point to inequality) drive where the budget is best administratively directed i.e. policy guidance measures. Therefore the three attributes cannot be collapsed in terms of importance (i.e. converted into a single value) but rather allows countries to be placed within strata (based on permutations of the components) which can then best assist policy guidance (when combined with potential population at risk in that strata). We provide some example decision making rules below that could potentially accompany our multiattribute indicator and assist broad policy making strategies (Table 2 ). Thus our index does not only identify countries with high IMR, i.e. high burden (which is not novel), but also assesses the intra-country distribution of a given phenomenon, i.e. equity. The Theil index is a measure of inequality or volatility that involves similar properties to measures of mean and standard deviation as proposed when evaluating two populations (Reidpath, 2005) . Our multi-attribute measure goes one step further in that it then also identifies the exact spatial location of inequality and significant spatial clustering of high values i.e. spatial identification of higher levels of inequality within subnational units of a country. The use of the Mortality ABC measure, therefore, is rather to spatially locate and quantify (and/or highlight and/or differentiate) high risk areas in order to prompt differential levels of investigation as well as the intra-country allocation of funds. Possibly the biggest benefit of the index is when it is decomposed to show intra-country differences, it would guide relative budget allocation within a country rather than homogeneously dilute budget allocations over a whole country. It does this by showing that in certain countries a standard IMR policy is not appropriate where sub-national localities are unequal and/or where high levels of clustering are potentially present. In this scenario, the first budget allocations should be made to areas of inequality and/or spatial clustering. The paper focuses primarily in health inequality as the first step for drawing attention for the need for a differential intervention. The index can, therefore, be employed to tailor an intervention in a far more acute fashion, i.e. countries in strata with high inequality and/or containing significant high risk subnational units should first adopt a targeted ("focused") strategy to reduce mortality in these areas before adopting or modifying more national based strategies. The magnitude and extent of the intervention is then based on specific social determinants in a specific country (or region) accounting for differential levels of inequity (Kawachi and Wamala, 2007) , which is not ignored in this paper but seen as a later step when investigating the specific determinants of the problem. There is also the assumption that each country will have or collect additional data with regards to genderdeterminants when developing local and national policy. The usefulness of a spatial measure of health inequality is that budgets allocations are largely develo-ped on a region/country/area basis for administration purposes.
The Mortality ABC indicator can also be developed for intra-country policy interventions. The indicator can, therefore, be easily adapted to lower administrative areas like provinces, local municipalities (as Theil is suitable for decomposition) as well as for other health outcomes measures. The paper also directs specific attention to the newly revived inequality debate in support of the contention that inequality is increasing rather than converging in many . In particular, the paper questions the use of absolute mortality rates as a self-limiting one-dimensional approach that obscures the type of policy that 
Developing
Detailed evaluation of available epidemiological data to further refine identification of high risk groups (i.e. direct health interventions) collection of epidemiological data if routine data unavailable (i.e. permanent improvement of the quality and reliability of epidemiological data (surveillance)).
Improve malnutrition (infant and maternal, including breastfeeding promotion in HIV and non-HIV settings).
Improve living conditions (water supply, sanitation and housing).
Improve routine medical care (infrastructure, training, current routine immunization) during pregnancy (including antiretroviral therapy in higher HIV settings), at birth and for infants ill with diarrhoea and/or acute respiratory infection.
Manage high risk pregnancies (e.g. preterm/low birth weights): coordination and/or establishment of regionalised perinatal services, implementation of neonatal intensive care units, specialised training of nursing staff.
Expansion of immunisation programmes.
Target socioeconomic factors for improvement (e.g. poverty reduction, female illiteracy, access to contraception i).
Leadership (training of public health system planners, epidemiologists, primary health care leaders).
Establish quality surveillance systems to monitor program success and future direction of health programs e.g. pregnancy risk assessment monitoring system (PRAMS) in U.S.
Research into causes of preterm delivery.
Target higher risk behaviour among pregnant women (e.g. smoking; direct and passive).
Reduce sudden unexpected infant death (SUIDs) related mortality e.g. "Infant safe sleep campaigns".
Developed
Surgical correction of congenital defects e.g. heart. needs to be developed, as well as narrows its application to a limited segment of the population or dilutes interventions over an entire population (instead of targeting them to the worst areas), rendering them less effective . The results illustrate that the reliability of the framework is supported by a number of other studies that reflect higher mortality levels in developing areas like SSA and lower levels in the developed world (Mathers et al., 2006) . However, no other studies present a global snapshot of sub-national variation that is reflected in high levels of mortality inequality in both developed and developing countries (Wolfson and Rowe, 2001 ). This inequality reflects the inadequacy of absolute health measures like the IMR to inform a differentiated intra-country policy (Gakidou et al., 2000) . The intra-country complexity of mortality data is illustrated by the United States where absolute mortality has consistently declined in the last century yet higher levels of mortality continue to be reflected in its 20 southern states (Peltzman, 2009 ). This nuanced pattern of inequality, as well as its spatial location, therefore, calls for a multidimensional indicator that not only highlights inequality but also significant spatial clustering ("non-randomness").
The paper contributes to the inequality debate by illustrating the widespread nature of mortality inequality and its changing patterns. The convergence of global mortality until the 1950s, for example, has been contradicted by increasing mortality in many developing countries (McMichael et al., 2004) whose healthcare budgets differ significantly from those of richer countries. Inter-country changes in inequality are also illustrated in the developed world where the USA and Australia, for example, had lower levels of inequality than Spain and Japan in 1900 but higher levels in 2000 (Peltzman, 2009) . These disparities are likely to continue to be shaped by stratified access to and utilisation of medical technology (Frisbie et al., 2004) and these intra-country changes reflect a greater divergence between the healthcare access of the rich and the poor (Deaton, 2013) . We found very high inequality in China based on our analysis. China has undergone large social, economic and political changes in recent decades and underlying geographic differences in economic status and maternal education (Song and Burgard, 2011) for example are likely to explain this observed differential pattern. It is also not surprisingly that countries such as Iraq and the Democratic Republic of the Congo have high inequality given past political instability, war and resulting in material deprivation, breakdown in basic services and healthcare provision as well as dysfunctional societies within the country (Marmot, 2005) .
The use of spatial analysis has been increasingly applied in epidemiological research in recent years and advances in data availability and new analytic methods now allow for the spatial analysis of population health data from global to local level (Walter, 2000; Rezaeian et al., 2007) . In particular, these spatial analytical techniques can be used to identify "hotspots" in population health distributions and show the clustering of health phenomena in a country or region, as well as describe their spatial patterns (Sartorius et al., 2011) . This has implications for policy in terms of whether a spatially tailored approach is adopted versus a more disseminated one (Sartorius and Sartorius, 2013a) . The results make a case, therefore, for the use of simple inferential spatial statistics (implemented in freely available software such as GeoDa) as a component of a multidimensional population health indicator.
The paper has a number of limitations. Firstly, country-level data with a greater number of sub-groups for the same absolute population level is likely to reflect a higher level of mortality inequality because the standard deviation across sub-groups increases. However, based on a simple comparison of the vulnerability of the inequality calculated versus the number of subnational units we observed that the Theil index was less affected then the widely used Gini coefficient. As data for certain sub-national areas within selected countries could not be found (Storeygard et al., 2008) , this resulted in data for fewer sub-national units within a given country and potentially underestimated inequality. Secondly, population groups are only comparable if they have a similar population density (Wolfson and Rowe, 2001) , which is clearly that the case globally. Thirdly, we were unable to find subnational mortality rates for some countries due to a lack of available data. The variable quality of data by country can also not be discounted (e.g. data points further away from the year 2000) and future work could also concentrate on data development and quality to ensure more consistent sub-national data. Fourthly, survey data are subject to various sources of bias and error and these are generally well documented for infant and child mortality (Hobcraft et al., 1984) e.g. non-response, sampling bias etc. While vital statistics are ideal if there is good coverage, if the system is weak, deaths can be greatly under-reported both nationally and in selected sub-national units (Storeygard et al., 2008) . Further details of the quality of the original data and inferences made can be found in Storeygard et al (Storeygard et al., 2008) . Fifthly, the data source used in this study were not stratified (i.e. available) by gender, which is a fundamental determinant of infant (and other) mortality (Barford et al., 2006) . This should be considered as a further stratification of the multi-attribute dimension in future studies. We have assumed that this level of data would be sought only when developing intra-country interventions using specific data for the country concerned. The inclusion of gender, however, in future research on the development of multidimensional health indicators is suggested Lastly, previous literature (Cowell and Flachaire, 2007) has suggested that inequality measures are in general sensitive to extreme values (due to war, famine and natural catastrophes) or "data contamination". Thus data quality would affect the analysis in our present study as outlying or erroneous subnational IMR's may thus have affected the calculated Theil measures. Future studies will need to further assess the sensitivity ("robustness") of this and other inequality measures to data distortions, especially in different parts of the distribution as this has been shown to be potentially important (Cowell and Victoria-Feser, 1996) . The year which the supplemented data were available is listed below (mostly from [2000] [2001] [2002] . The count exceeds the 43 countries above as for 5 countries data from more than one year was used in our analysis in an attempt to include data for as many subnational units as possible.
Appendix 2 -Selection of the most appropriate inequality measure for mortality
The following is the checklist we used for selecting the inequality index for our proposed three-part indicator:
a. Scale invariance Two populations with the same level of mortality inequality may have very different average mortality levels. The question, therefore, should be posed as to whether a relative versus an absolute measure of inequality should be employed (Gakidou et al., 2000) .It is preferable that inequality measures respond to relative rather than absolute differences (Allison, 1978) . All of the inequality variances discussed in the methods (and in Appendix 2) are relative measures of inequality and inequality in all of them is reduced if a positive constant is added to each member of the population being measured.
b. Principle of transfers
The chosen measure must comply with the principle of transfers that indicates that if a greater degree of life expectancy (e.g. lower infant mortality risk) is transferred from an individual with a lower life expectancy to another with a higher level of life expectancy, the degree of mortality inequality will increase (Allison, 1978) . One of the measures fails this principle, namely, the VOL and is, therefore, excluded immediately.
c. Sensitivity of transfers
The remaining measures, namely, the COV, Gini and Theil indexes , indicate different levels of sensitivity to transfers at different parts of their welfare distributions and the question needs to be asked whether gains or losses at the tails of a distribution should be treated differently from those at the mean (Gakidou et al., 2000) . For example, the Gini is more affected by transfers at the mid-range while the Theil is more influenced by transfers at lower levels. Conversely, the COV is equally sensitive to transfers at all levels of the distribution. Allison, therefore, concludes that the choice of the Gini might be appropriate if one is mostly concerned about the middle range of a welfare distribution (Allison, 1978) . However, given the sociological and ethical nature of maximizing life expectancy (reducing preventable health outcomes), and its unequal effect on more deprived communities, the sensitivity of the Theil index at lower ranges is an important sociological consideration for favouring the use of this index (Pedersen, 2004) .
d. Upper and lower bounds
The remaining inequality measures, namely, the COV, Gini and Theil, can all be structured to have a lower and upper bound that ranges between zero (0) and one (1) where these bounds reflect the distance from a state of equality. Theil argues that in a society where everyone had the same life expectancy or rate of health outcome there would be perfect equality (0) whilst in a two person society for example where one person lived to the maximum age and the second died at birth (or infancy) can be represented a state of complete inequality (1).
e. Inequality, interval scales and the Lorenz curve
Since certain health outcomes have a theoretical fixed point of zero, it can be seen as a ratio scale variable that is suited to the three remaining inequality measures, namely, the Gini, Theil or COV indicators, Furthermore, the remaining three measures have a simple relationship with the Lorentz curve as follows. They each represent a cumulative relationship between two variables, namely, the proportion of a population and the level of a welfare utility (Atkinson, 1970) . Any distribution that is not in a state of perfect equality will fall below the line of perfect equality. If the Lorenz curves of two distributions are compared then the distribution with the lower level of welfare will always fall below the distribution with the higher level of welfare or lower inequality (Atkinson, 1970; Allison, 1978) .
f. Decomposition
An important aspect of consideration is whether the inequality measure can be decomposed to measure inequality within groups, as well as between groups. In the USA, for instance, it is important to obtain a measure of mortality inequality within the various states, as well as between the states. Despite the fact that the Gini Coefficient is the most popular measure, as well as the fact that it has been used to calculate mortality inequality (Peltzman, 2009) , it is not decomposable. Conversely, both the COV and the Theil index are additive and can decomposed to calculate within groups inequality, as well as between groups inequality (Atkinson, 1970) .
g. Conclusion
In terms of selecting an inequality measure the VOL was dropped because it did not comply with the principle of transfers and the Gini because it is not (easily) decomposable into sub-groups. The Theil and COV measures adhere to the principal of transfers, are scale invariant , they can be plotted as a Lorenz curve and their upper and lower range can be appealingly related to one (1) and zero (0). However, the Theil is best suited to measuring a utility with diminishing returns or marginal utility (e.g. income) while the COV is the best choice for measuring a utility with constant returns. On the assumption that increasing lifespan is offset with increased morbidity, decreasing returns have been assumed thus favouring the choice of the more popular Theil index that is particularly suited to measuring inequality in a population disaggregated into a set of sub-groups (Shorrocks, 1980) . Finally, the Theil index might reflect less inequality in developing countries and higher inequality in developed ones because of differences in their welfare distributions (Allison, 1978) .
Inequality can be conceptualised as the dispersion of a distribution such as income, or some other welfare indicator or attribute of a population. A general expression for a mortality inequality index (I) for group j = 1...., J is defined earlier in the methods as follows (Firebaugh, 1999) :
The three other principle variances mentioned in the methods (namely the COV, the Gini Coefficient, and the VOL) differ only because they employ different functions (f) of the chosen social welfare distribution illustrated as follows:
where q j is the proportion of population that has a worse IMR than unit j and Q j the proportion that are better IMR than group j.
where E is the expected value, log is the natural logarithm.
The Theil index (T j ) can be represented mathematically as follows:
The Theil index
The Theil index can be described as a measure of entropy or randomness in a given set of information across different groups or administrative divisions. Equation (1) can be restated as follows:
The Theil index (T) is and can be decomposed as follows:
Suppose a social welfare distribution (population) can be divided into J exclusive and exhaustive groups. For each group j = 1 ..., J let x -j be the mean outcome measure in group j and the proportion of the population represented by this group p j . Let x -= the total mean outcome measure then:
where p j = proportion of group j to the population P. The additive sum of inequality within countries, as well between countries is similar to the ANOVA based calculation: 
Appendix 3 -Other inequality indices and construction of the Theil inequality index ( )( )
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